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the hard, sometimes stigmatizing choice of exploring scoring matrices, probability distributions and align-
ment scores. The web-based forms for access to com-other applications of their training in science? Athena
putational biology tools make it easy to just paste inUnbound would have the reader conclude the former.
some data and get back an answer never having to
know what algorithm is used and how changes in param-
Elizabeth Marincola eters may affect the results. Unfortunately, Computa-
The American Society for Cell Biology tional Molecular Biology will not help the lab biologist
8120 Woodmont Avenue, Suite 750 as it is not a cookbook for applied bioinformatics. Biolo-
Bethesda, Maryland 20814 gists are more likely to benefit from more application-
oriented books such as Baxevanis and Ouellette, Bioin-
formatics: A Practical Guide to the Analysis of Genes
and Proteins, 1998. (Note: a second edition of this book
Computation and Biology: is scheduled to be published in the spring of 2001.)
Computational Molecular Biology is based on aA Joint Venture
course that Pevzner has taught at the Pennsylvania
State University and University of Southern California
for a number of years to advanced undergraduate andComputational Molecular Biology:
graduate students in computer science and mathemat-An Algorithmic Approach
ics. Before reading this book, you would want to haveBy Pavel Pevzner
some background in computational algorithms andCambridge, MA: MIT Press (2000). 314 pp. $44.95
combinatorial theory. If so, you will see familiar problems
and algorithms such as backtracking, Hamiltonian path,
and traveling salesman. A little background in molecularAs we swim in a sea of data—both genomic and microar-
biology would also be helpful. There is a brief chapterray—we need good computational tools to understand
titled “All You Need to Know about Molecular Biology,”the biological significance of the information we gener-
but its first sentence is “Well, not really, of course, seeate. One such tool that has emerged from the field of
Lewin, 1999 [Genes VII], for an introduction” (p. 271).computational molecular biology and is used widely by
Each chapter in Computational Molecular Biology be-biologists is the sequence comparison tool BLAST.
gins with an introduction to the computational and bio-Other tools include multiple sequence alignment soft-
logical ideas without any formulas. For example, to intro-ware such as ClustalX and contig assembly software
duce the computational problems associated withsuch as Phrap. With the draft of the human genome
physical mapping, Pevzner describes the experimentssequence available now and the mouse genome se-
used in the physical mapping of cystic fibrosis. To moti-quence available shortly, we must increasingly turn to
vate the problem, he uses an analogy of having “... sev-the field of computational molecular biology to build
eral copies of a book cut by scissors into thousands ofadditional tools to help us make sense of these data.
pieces. Each copy is cut in an individual way such that a
As an undergraduate mathematics major at the Uni-
piece from one copy many overlap a piece from another
versity of Wisconsin in the 1970s, I was totally enthralled
copy.....” (p. 5). This is characteristic of the style of the
with population and quantitative genetics after taking
book. For each computational problem, he gives an
an introductory genetics course from Professor James analogy that requires no biological knowledge and then
F. Crow. At the time, this area presented a way to apply describes the biological problem for which a computa-
my mathematical interest in the exciting field of genetics. tional solution is required. This is a good style and makes
Now, the potential areas of research for mathematicians the introductory section of each chapter accessible to
and computer scientists interested in the field of molec- biologists interested in learning about some of the com-
ular biology are equally rich and much more diverse. putational challenges in the field.
The question does arise, however, how best to gener- Pevzner covers problems drawn primarily from geno-
ate interest and train the next generation of computa- mics and sequence analysis. Included are chapters on
tional biologists? There is a strong need to entice com- Computational Gene Hunting, Restriction Mapping, Map
puter scientists into the field of computational biology Assembly, Sequencing, Sequence Comparison, DNA
to solve such problems as, for example, promoter recog- Arrays, Multiple Alignment, Finding Signals in DNA,
nition in genomic sequence, analytical tools for under- Gene Prediction, Genome Rearrangement, and Compu-
standing data from microarray experiments, and accu- tational Proteomics. Readers interested in structural
rate prediction of protein folds from sequences. Many biology-related topics including such topics as pre-
universities and colleges are requiring all undergradu- dicting structure from sequence or other topics not cov-
ates to take an introductory course in biology. If you ered by Pevzner will need to turn to other books. See
teach such a course, Computational Molecular Biology for example Bioinformatics: The Machine Learning Ap-
by Pevzner provides a useful high-level introduction to proach (Adaptive Computation and Machine Learning)
selected computational problems and solutions in mo- by Pierre Baldi and Soren Brunak, 1998; Algorithms on
lecular biology, which could be useful for those trained in Strings, Trees, and Sequences: Computer Science and
computer science or mathematics who want to become Computational Biology by Dan Gusfield, 1997; or Com-
familiar with the problems that interest biologists. putational Methods in Molecular Biology edited by Ste-
Conversely, there is also a need for biologists to un- ven Salzberg, David Searls, and Simon Kasif, 1998.
derstand the theory behind the tools that they use. When Despite the limited breadth of Pevzner’s book, I be-
lieve Computational Molecular Biology will be, to a lim-doing a BLAST search, a biologist should understand
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ited audience, a useful companion to other computa- biologists (and others) with only minimal mathematical
training.tional biology books currently available. Parts of the
The authors develop the idea that complexity arisesbook read quite well although, given its nature, it gets
when the behavior of a system is not given simply byquite dense in places. This is an exciting time to move
the sum of its parts. An essential ingredient in suchinto the field of computational molecular biology, moti-
systems is nonlinearity, and it is often useful to talkvate others to move into this field, or simply keep an
about phenomena that “emerge” at a higher level ofeye on the practical developments emerging from this
structure as a consequence of interactions between in-rapidly evolving field. Reading all or parts of this book
dividual components. Some relatively simple physicalcan help meet some of these goals.
systems provide a useful starting point for showing theComputational Molecular Biology is the first in a series
power of mathematical tools for describing such emer-of books on computational biology published by the MIT
gent phenomena. After reviewing some of these, thePress. Additional titles forthcoming within the next year
book moves on to illustrate how mathematical modelsor two include Computational Modeling of Genetic and
can provide insight into biological systems from theBiochemical Networks; Gene Regulation and Metabo-
molecular level to cellular, organismic, and finally sociallism: Post-Genomic Computational Approaches; Cur-
and cultural level. By the end one is left with a strongrent Topics in Computational Biology; Comparative Ge-
sense that there really are coherent themes that charac-nomics: The Domains of Life; and The Handbook of
terize complexity across many biological systems atComputational Molecular Biology and Bioinformatics.
many levels of analysis.This is a series worth watching for anyone interested in
A classic example of complexity emerging from simplethe growing field of computational biology.
underlying components is the Ising model of the magne-
tization of iron. Each iron atom acts as a miniature mag-Fran Lewitter
net that can line up one way or the other, and a macro-Whitehead Institute
scopic block of iron is magnetic when the majority of9 Cambridge Center
atoms are lined up in the same direction. Iron atomsCambridge, Massachusetts 02142
exert forces on each other, tending to cause each atom
to become lined up with other atoms nearby. At high
temperatures, these forces are overcome by thermal
energy and the overall pattern is disordered, but as theMolecules, Magnets, and Mathematics
temperature decreases, atoms start to fall into line with
each other. At a certain “critical” temperature, an abrupt
change in the overall level of magnetization occurs. ASigns of Life—How Complexity
crucial simplification of the Ising model (introduced byPervades Biology
Ising in his Ph.D. thesis in 1926) is that atoms interactBy Ricard Sole and Brian Goodwin
only with their nearest neighbors. The behavior of thisNew York: Basic Books (2001). 315 pp. $30.00
model was exactly solved first for one dimension, and
then for two dimensions in a mathematical tour-de-force
by Onsager. Its behavior in three dimensions can only
With the sequencing of the human genome, Molecular
be explored by simulation, but the model is a remarkably
and Cellular Biology has reached a turning point. In good predictor of reality. A key finding is that near the
the past half century, sophisticated tools have been critical temperature extremely complex spatial patterns
developed for both identifying genes and studying their of magnetization can occur, which can have a fractal
function. Analysis of the function of individual genes character. Thus, as the temperature changes the system
has yielded great insight into the molecular mechanisms moves between two “boring” states (random at high
underlying phenomena ranging from the development temperature, unidirectional at low temperatures) via a
of the embryo to the molecular basis of learning. It is small temperature range where very interesting patterns
therefore not surprising that this reductionist strategy spontaneously emerge.
has captured the hearts and minds of the majority of What have simple things like Ising models got to do
biologists. However, to what extent can complex biolog- with the messy world of biology? Consider a simple
ical phenomena at many different scales be understood model for when a forest fire is likely to spread from one
by identifying and studying their component parts in edge of the forest to another. When trees are at low
isolation? density the probability of fire spreading to an adjacent
A growing number of researchers are suggesting that tree is low, and a fire that starts at one end is likely to
a complementary approach is required to understand burn out before it gets too far. When trees are at high
the complexity that pervades much of biology. This ap- density the fire spreads quickly from one end of the
proach, sometimes loosely called the “science of com- forest, causing total but rapid devastation. Models of
plexity,” emphasizes the study of emergent phenomena. forest fires show that, as in the Ising model, there is a
It is generally expressed in the form of mathematical critical density of trees at which the likelihood of the
and computational models, and often draws extensively fire spreading from one edge of the forest to the other
on analogies with theories of certain physical phenom- abruptly changes from low to high. Around this critical
ena. This can intimidate biological researchers not well- density, the forest fire takes an extraordinarily long time
versed in these disciplines. Signs of Life tackles this to weave in and out in a complex pattern through the
problem by providing an inspiring and stimulating ac- forest before it dies off. The pattern of burnt trees in
such a ravaged forest displays fractal geometry. Similarcount of this approach designed to be accessible to
